Abstract: Very high costs of systemic banking crises emphasize the importance of early warning models for these crises. In order to create an early warning model for systemic banking crises a combined approach is implemented. The first approach applied in this paper is signal approach, however, with some modifications as compared with its standard application in the literature. On the basis of individual indicators two composite indices are created. Unlike other papers in this field, the author has chosen a 24-month period before the beginning of the crisis as a signal horizon, while the signal horizon in the literature is usually considered to be a period of 12 months before and 12 months after the crisis onset. The second approach represents logit model whereas the independent variables are actually the indicators with the best performances obtained within the signal approach. In order to check the robustness of indicators, the Bayesian model averaging technique is used. The indicator that represents the credit growth rate, besides being a part of the composite index, is statistically significant in all estimated specifications of the logit model, including the technique of Bayesian model averaging. Additionally, trends in the international market have a significant influence on the domestic banking system and its stability, and hence also on the probability of occurrence of a systemic banking crisis.
Introduction
One of the important questions imposed on economists around the world is whether crises are inevitable or it is possible to prevent their occurrence. Previous studies have shown that banking and currency crises usually do not occur without warning but there are some behaviour patterns of certain indicators that are repeating during the period preceding the crisis. Banking crises are more difficult to predict than the currency crises, however, the negative effects on economic activity are far more long-termed after systemic banking crises. Banking crises often occur together with currency and debt crises (Laeven & Valencia, 2012; pp. 11-12) . Triplet crises appear to be quite rare while among twin crises, currency crises associated either together with banking or sovereign debt crises are the most common. However, those involving both banks and sovereign debt crises are the least common. Although there are significant differences between the occurred crises, it is possible to identify some common factors of their origin in order to determine indicators which suggest that there is an increased probability of crisis emergence.
The motivation for this research is a great importance that early warning models have primarily for the stability of the banking system, as well as for the entire financial system of a country. In normal times, central banks should prepare contingency plans in order to allow a central bank to act in case of contingencies and/or a bank crisis or a systemic crisis in an efficient, effective, consistent and comprehensive manner (Kozarić & Fabris, 2012) . One of the elements of such plans refers to early warning indicators.
One of the main characteristics of the Montenegrin financial system is its relatively simple structure that is a common feature of many developing countries. Development of the Montenegrin banking sector during the pre-crisis period is characterized by enormously high credit growth rates. Also, Montenegro was one of European developing countries with the fastest economic growth. Economic slowdown and sudden stop of credit activity supported by the global economic crisis has led to much more deepening of the crisis in Montenegro at the time. During the expansion period, we should turn to saving in order to protect the economy from overheating and price bubble bursting, and that is exactly what was missing on the eve of the global financial crisis and what could have prevented or mitigated its impact (Fabris & Galić, 2015) .
Many authors point out that credit booms increase the probability of emergence of banking crises (e.g. Borio & Lowe, 2002; Eichengreen & Arteta, 2000; and Kaminsky & Reinhart, 1999) . Although credit boom may be considered as a key determinant of a banking crisis, it is difficult to distinguish between healthy credit growth that includes financial development, and unsustainable credit growth that is associated with a deterioration of the balance sheet of banks. When it comes to developing countries, the hypothesis that they usually go through a catching-up phase should be considered, i.e. in order to reach the developed countries they have accelerated economic growth rate. This means that developing countries have higher growth rates than developed countries. The economic growth at that stage relies largely on credit growth, given that most often there is no possibility of financing from own accumulated funds.
Financial systems of South-eastern European countries are mainly bank-dominated and largely foreign-owned by banks from the euro area, primarily from Austria, France, Italy, Greece and Slovenia. Increased financial globalization has helped in creating a more developed financial system and had other positive effects, such as reducing the cost of borrowing, higher quality financial services that have become widely available, risk diversification, technological and institutional spillover. But the region has thus become more vulnerable to external shocks. It should be noted that there are papers on financial stability indicators and early warning systems for financial crises related to some of these countries (e.g. for Croatia see Dumičić, 2016 ; Ahec Šonje, 1999 and 2002) as well as the paper related to three EU candidate countries (i.e. Macedonia, Croatia, and Turkey, see Bučevska, 2011 ).
An extensive empirical literature on banking crises suggests that two approaches are commonly used when designing an early warning model for banking crises. The first one is signal approach which consists of systematised statistical procedures. This approach examines and compares the behaviour of economic indicators for the period before and after the crisis. According to this approach, the indicators with the best performances are identified on the basis of their values which may be above or below the specific value representing the threshold (Kaminsky & Reinhart, 1999) . The second approach calculates the probability of occurrence of a banking crisis using discrete dependent variable models, usually by estimating probit or logit model (Demirgüç-Kunt & Detragiache, 1998, Eichengreen & Rose, 1998) . This paper synthesizes these approaches. Namely, indicators that showed the best performances within signal approach as well as the composite indices are estimated using logit models. Thus, the remainder of paper is structured as follows. In section 2, composite indices are created on the basis of indicators with the best performances that are selected using signal approach. Section 3 relates to the estimation of logit models and implementation of Bayesian model averaging. In section 4, robustness of the indices is checked using simple logit regressions and their reliability is compared by applying technique of Bayesian model averaging. Section 5 includes interpretation of results and discussion, while concluding remarks are presented in section 6.
Implementation of signal approach
The first approach in formulating the early warning model for systemic banking crises that has been applied in this paper is the signal approach, with certain modifications with respect to its standard use in the literature. The basic assumption of the signal approach introduced by Kaminsky & Reinhart (1996) , and Kaminsky, Lizondo & Reinhart (1998) is that the economy behaves differently on the eve of the financial crisis, which is manifested in the evolution of a number of economic and financial indicators. The signal approach has the ability of predicting by defining the optimal threshold for each indicator. By requiring the specification of an explicit framework of early warning, signal approach insists on rather specific timing of a signal, which is not the case with other approaches. As Davis & Karim (2008) emphasize, the signal approach is more suitable for a specific country while logit models are more adequate for a set of countries.
Unlike the most papers in this field, signal horizon of 24 months before the crisis onset was selected for this paper. The signal period is defined in this way because it is one of the objectives of this research to formulate a model that will allow obtaining a signal as early as possible, and to determine which indicators will be the first to send a signal that the probability of systemic banking crisis is increased. Although many authors point out that there is a benefit to get a signal even 12 months after the emergence of the banking crisis, the author of this paper argues that it is more useful to focus research exclusively on the period before the crisis and that signal horizon should be 24 months before the crisis onset. Namely, signals sent by the model are not very useful when poor performances of the banking sector and the economy have already occurred, but are necessary before things become obviously bad. Therefore, there is a significant advantage of determining the signal horizon exclusively before the crisis onset, as compared to the conventional approach where the signal horizon is determined partly before and partly after the beginning of the banking crisis.
Also, the reason why the time horizon that partially covers a certain period after the onset of the crisis has not been taken is the fact that the author uses monthly data, whereas in previous studies, particularly those that relate to a set of countries, annual or quarterly data are usually used. The use of monthly data enables more accurately determination of the time period when the indicators start to send signals that there is an increased probability of systemic banking crisis occurrence. Therefore, monthly data enable obtaining signals earlier than quarterly data, which is of great importance when there is a risk of crisis occurrence since it is necessary to react as quickly as possible.
Within the signal approach, models with different signal horizons of 24, 18 and 12 months are estimated. The model with signal horizon of 24 months is the main model (benchmark model), while the other two models were evaluated to determine the robustness of the results obtained by estimating the main model. The model with a signal horizon of 24 months showed the best performances. The model with a signal horizon of 18 months had slightly weaker performances compared to the basic model, while the model with a signal horizon of 12 months had the weakest performances compared to the previous two models. Namely, the reliability of the indicators in the third model is lower than in the first and second model shown by the noise to signal ratio which increased in a significant number of indicators compared to the first two models.
In the majority of papers in this field, performance assessments of individual indicators are based on the noise to signal ratio. However, some authors indicate that if we rely solely on this ratio, we can get a picture that does not reflect the real situation (Mulder, Perrelli & Rocha, 2002; and Oka 2003) . The reason is that this ratio will show the same value when there is the same proportion between the number of correct and the number of incorrect signals. For example, the noise to signal ratio for one indicator will be the same if it sends 12 correct and 6 incorrect signals, or if it sends only 2 correct and 1 wrong signals. These authors propose different ways to overcome this problem. Some authors propose the use of another indicator instead of the noise to signal ratio, while others suggest the use of weights which would reflect the preferences of policy makers towards I and II type of errors (Edison 2000, and Oka 2003) .
A trade-off between two types of errors is common to all types of early warning models for banking crises (Bussière & Fratzscher, 2002) . Generally, type II error (there is a signal, there is no crisis) may be less worrisome from the perspective of monetary policy holders since II type errors are less expensive than type I errors. Costs of type II errors may be the costs of taking precautionary measures. On the other hand, type I error (there is no signal, there is a crisis) often leads to higher costs because there is greater risk, particularly for depositors, and there are higher costs of recovery from crisis for the monetary authorities. Since the monetary authorities aim to minimize type I errors, the models can be adjusted to have lower type I error. In that case, the model will have a high type II error, and therefore a larger number of false signals.
In order to be as much objective as possible, the author considers that the monetary policy holders are equally interested in type I and II of errors. In addition to the noise to signal ratio, the author has taken into account whether the indicator sends signals continuously or periodically. Therefore, indicators that send less than eight signals continuously within the signal horizon have not been evaluated as indicators with the best performances. Also, in order to be assessed as an indicator with the best performances, and thus to be included within the composite index, an indicator should send signals for at least 12 months within the signal horizon (of which at least eight signals have to be sent in continuity, which represents one third of the signal horizon). These conditions are very demanding and the author has not found in the literature that this approach has been applied to date.
Monthly data from January 2005 to December 2012 are used in this paper. However, since most of the indicators are expressed as annual growth rates, time series effectually range from January 2006 to December 2012. Most of the indicators are used as annual growth rates, except the exchange rate, reference interest rates, measure of concentration of banking system and few ratios. 1 The other part of data related to the indicators of profitability, efficiency, liquidity, concentration of assets, loans, deposits and capital is calculated by the author using available database of the Central Bank of Montenegro. In order to use some of the important indicators available on quarterly and not on monthly basis, the author calculated their monthly values using the linear interpolation method.
The criterion commonly used for determining the starting date of systemic banking crises is a share of nonperforming loans in total loans at the level of a banking system. Considering the threshold of a 10% share of nonperforming loans proposed by Demirgüç-Kunt & Detragiache (1998), the beginning of the systemic banking crisis in Montenegro should be June 2009 when this indicator reached 10.03%. However, few months earlier, deposits were withdrawn after a longer period of growth. Namely, in the fourth quarter of 2008, deposits decreased by 14.42% comparing to the previous quarter. It is not advisable to rely only on event-based rules when determining the date of the crisis beginning because it 1 Some authors use more flexible approach where two forms of specifications, level of indicator and yearly rate, are considered for every indicator. The choice between these two forms of specifications is based on their predictive power and both forms are selected if they have a good predictive power.
could be determined too late. In accordance with the aforesaid, the author determined October 2008 as the starting month of the crisis when signs of the crisis had already shown in the form of deposit outflows.
More than 60 indicators are estimated using the signal approach and two composite indices are created. The first composite index (Index 1) consists of 11 indicators that showed the best performances within the signal approach, while the second index (Index 2) besides these 11 indicators contains additional eight indicators that have slightly lower performances but are still more reliable compared to other estimated indicators. These indices are first created as non-weighted indices, and then the appropriate weights are assigned to the indicators thus creating weighted indices. The non-weighted composite index is a simple average of the indicators that have been selected by implementation of the signal approach. This means that equal importance is given to all indicators representing components of this index, i.e. all of them contribute equally to the probability of emergence of a systemic banking crisis. The value of this index may range from zero to one. The following graph shows trends of both non-weighted indices.
As expected, considering that the first index consists of indicators with the best performances, the overall performances of this non-weighted index exceed the performances of the second index. The weighted composite index is calculated by assigning adequate weights to all indicators selected by the implementation of the signal approach. Thus, the weighted composite index takes into account the predicting power of the individual indicators, which means that it provides more reliable information than the non-weighted index. Similar to the non-weighted index, the value of the weighted index can range from zero to one. The following graph shows trends of both weighted indices.
As expected, the performances of the first weighted index (which consists of 11 indicators) exceed the performances of the second index (which consists of 19 indicators). The maximum value that is reached by the first weighted index is 1.00 for the same period as the non-weighted index, i.e. in September, October, and November 2007 when all 11 indicators sent a signal for the crisis onset. The second weighted index also showed very good performances, and it reached the maximum value of 0.95 in October 2007. Quite predictably, both weighted indices had very low values beyond the signal horizon, which means that they sent a very low number of false signals.
Indicators of asset quality and capitalisation of the banking system suggest earlier than other indicators the possibility of an emergence of a banking crisis. Some other indicators, such as Euribor, can be added to these indicators. However, their overall performances indicate that their reliability is to some extent lower in comparison with the indicators of asset quality and capitalisation.
In order to predict conditional probability of a crisis occurrence, weighted indicators are used (for detailed explanation of the method see: Zhuang, J., 2005; pp. 54-55). It is necessary to divide observations from the sample into few categories while each group corresponds to certain part of composite index. Then for every group share of pre-crisis months is calculated (out of signal horizon). Therefore, it is possible to assign an adequate level of probability of crisis occurrence to every value of the composite index. Conditional probability for certain intervals of the composite index is calculated and presented in Table 2 .
The obtained results suggest that both weighted composite indices have almost the same, very good performances. For example, if the first composite index ranges from 85-th to 100-th percentile, conditional probability of systemic banking crisis in Montenegro is 1.00 (i.e. 100%), and if the value of this index is zero, the probability of crisis occurrence is also zero. Source: Author's calculations
Estimation of logit models and Bayesian model averaging
The second approach in formulating early warning model for systemic banking crises that is applied in this paper is an econometric approach. A synthesis with signal approach is implemented in a way that indicators which showed the best performances within signal approach were selected as explanatory variables in the logit regression model. Monthly time series starting from January 2005 to December 2012 are used. Variables in the paper which are not expressed as growth rates and interest rates are expressed as natural logarithms. By applying the augmented Dickey-Fuller test for a unit root, it is determined that most of the time series is non-stationary. Therefore, non-stationary time series are differentiated, and by reapplying the ADF test after differencing time series it is determined that they are stationary. A few time series that are used in the paper have been differentiated two times in order to become stationary.
The estimation results of the first logit model showed that out of six variables, five are statistically significant, whereas three relate to the Montenegrin banking system and two of them to international macroeconomic developments. Afterwards, a dynamic component was introduced in the model in order to test the robustness of the results. Dynamic logit model contains nine variables wherein all are statistically significant. Comparing the value of the McFadden's coefficient of determination, it can be concluded that the dynamic model has better performances. Thus, the logit models in a function of early warning models for systemic banking crises for the Montenegrin banking system show that the explanatory variables (indicators) have a relatively high impact on the probability of a banking crisis onset. If only coefficients are taken into consideration, the size of change in the probability of a systemic banking crisis occurrence cannot be determined. Coefficients in the logit model show only the direction of change in probability, thus it shall be necessary to calculate marginal effects. Regarding nonlinear models, marginal effects give more information than coefficients. Marginal effects of explanatory variables on dependent variable are presented in Table 4 .
Prediction ability of the estimated logit model is presented in Table 5 . The cut-off value that separates the precrisis period from the normal period has been set at 0.5. The model has correctly predicted 88.04% observations. Furthermore, the model has precisely predicted the crisis in 70.83% cases (i.e. months), and the normal period in 94.12% cases. The model has proved to be unsuccessful in 11.96% cases. The next graph represents the forecasted probability of a systemic banking crisis calculated from the dynamic logit model. The model sends signals within the signal horizon that is defined 24 months preceding the crisis. The highest probability of systemic banking crisis is during the first year of the signal horizon which suggests that the model sends signals in the timely manner. One of the ways to overcome these problems is the implementation of the Bayesian model averaging that takes into account the uncertainty of the models, considering their combinations and weighting them in accordance with their performances. This technique has been used so far in a very small number of papers related to early warning models. Among the first ones, the paper by Crespo Cuares Therefore, seven simple logit regressions are estimated, which have two independent variables at most. By using the Bayesian model averaging technique, the weights are assigned to each of the seven regressions. This means that there are 14 statistically significant variables representing early warning indicators for systemic banking crises. The obtained results largely coincide with the results of the previous two models, i.e. static and dynamic logit models. Marginal effects are also calculated.
Graph 3: Forecasted probability of systemic banking crisis
Source: Author's calculations in EViews 6 
The robustness check of weighted composite indices
In order to check the robustness of weighted indices, simple logit regression is estimated with the first weighted composite index as the explanatory variable. The intercept and explanatory variable Index_1 are statistically highly significant at the level of 1%. Additionally, the intercept has negative sign while the coefficient in front of the variable Index_1 has positive sign; thus, an increase of Index_1 indicates a higher probability of crisis. Predicting ability of estimated model is very high. Model correctly predicted 96.43% of observations. Model precisely predicted crisis in 91.67% cases (i.e. months), whereas it precisely predicted tranquil period in 98.33% cases. Model was unsuccessful only in 3.57% cases. Since H-L goodness-of-fit test statistic is much greater than 0.05 the null hypothesis that there is no difference between the observed and model-predicted values of the dependent variable is not rejected implying that the model's estimates fit the data at an acceptable level. Results of the Hosmer-Lemeshow test and the Andrews test are presented in the following table. Table 12 presents estimation results of logit model where explanatory variable is the second weighted composite index. The intercept and explanatory variable Index_2 are statistically significant at the level of 1%. The intercept has a negative sign while the coefficient in front of variable Index_2 has a positive sign which means that an increase of its value indicates a higher probability of crisis. Both models have the same value of McFadden coefficient of determination at 0.86. Comparing predictive ability of this model to the previous one, it may be concluded that they have the same performances, although when using signal approach, the first index has slightly better performances. Results of goodness-of-fit tests for this logit model showed that H-L goodness-of-fit test statistic is much greater than 0.05 that implies the model's estimates fit the data at an acceptable level. Marginal effects for both models are given in Table 15 . Accordingly, Index_2 has slightly better performances comparing to Index_1. Intercept in both of models has negative sign with approximately the same marginal effect on dependent variable. The results suggest that both of the weighted composite indices are reliable indicators of systemic banking crises. The results of Bayesian model averaging show that both indices are statistically significant with expected positive sign. Therefore, reliability of estimated indices is verified and robustness of indicators that are part of indices is checked indirectly. On the basis of weights assigned to the both of models, it may be concluded that these model have almost the same performances. 
Interpretation and discussion
McFadden R 2 indicates a relatively good goodness-of-fit of the estimated dynamic logit model. Results of the estimated model suggest that loans have the highest marginal effect on the dependent variable. The estimated probability of occurrence of the systemic banking crisis will increase in the case of increase of loans, loan loss provisions, loans-to-deposits ratio, and capital. Considering macroeconomic variables, the increase of 1-month Euribor leads to higher probability of systemic banking crisis while the increase of EUR/USD exchange rate implies the decrease of the estimated probability systemic banking crisis occurrence. Montenegro is a euroised economy and one of the main advantages of fixed exchange rate regimes is that they enable achieving macroeconomic stability owing to a solid nominal anchor. However, the main deficiency of fixed exchange rate regimes is that they reduce flexibility of monetary policy. The reason for considering EUR/USD exchange rate as an early warning indicator that Montenegro is a small and open country, so the trend of this variable might have a significant impact on the domestic economy.
In addition, the annual growth rate of consumer prices in Montenegro has a positive sign with a low marginal effect. However, the variable with the lowest marginal effect in the model is the index of industrial production in Serbia. In order to capture the most relevant international indicators the economic growth of the country that represents the main trading partner of the domestic country is considered. According to available data starting from 2005, the largest portion of Montenegro's trading exchange, taking into account both export and import, has been realized with Serbia.
The Bayesian model averaging technique enables estimation of more variables that can be relevant indicators of systemic banking crises, than it would be possible by using only a regular logit model. Putting a higher number of variables in one single regression may cause problems, such as multicolinearity. The dynamic model has captured eight variables, while using the Bayesian model averaging technique 14 variables are included wherein six of them are the same as in the dynamic logit model. Instead of estimating only a set of simple logit regressions, Bayesian model averaging gives an insight into relative importance of some variables in comparison with other variables.
The comparison of indicators that have had the best performances within the signal approach with results obtained by estimating logit models, as well as with the results obtained by applying the Bayesian model averaging technique leads to the conclusion that the indicators that showed the highest predicting power in the signal approach are statistically significant and have ha igh probability of predicting systemic banking crises within the logit models. The analysis of the results confirmed the reliability of the indicator of credit growth which is statistically significant in all estimated models and has very high marginal effects on the probability of systemic banking crisis occurrence in Montenegro. In addition, high influence of variables that relate to the international environment is confirmed, such as reference interest rates of the European Central Bank and EUR/USD exchange rate.
The synthesis of the signal approach and traditional econometric approach confirmed the reliability of the previously obtained results. Namely, simple logit model is estimated wherein the only explanatory variable is the first weighted composite index which has been formulated using the signal approach. The other logit model where the only explanatory variable is the second weighted composite index is also estimated. The author has not found this approach in the available literature on early warning models for systemic banking crises so far. Both indices are statistically significant at the level of 1% with a positive sign. These models have much better predicting ability compared with the previously estimated static and dynamic logit models.
Indicators that represent loans, deposits, loan loss provisions and 1-month Euribor that are the part of the composite indices formulated within signal approach are statistically significant in all estimated logit model specifications, including the Bayesian model averaging. However, it should be emphasized that the variable which represents deposits has a different sign in different approaches. Namely, this indicator has had positive sign within the signal approach, which suggests that an increase of deposits above the threshold implies the higher probability of systemic banking crisis. Although many authors argue that the sign should be negative since the beginning of the crisis is usually followed by deposit outflow, the objective of this paper is to select the indicators that send signals much earlier before a crisis begins. This means that when deposit outflow happens a crisis has already begun, thus the outflow of deposits cannot be an adequate early warning signal for a banking crisis. However, results of the logit models suggest that an increase of deposits imply a decrease of the probability of systemic banking crisis occurrence.
It is necesary to emphasize that the main limitation of early warning system created in this paper is the fact that models are constructed on the basis of only one systemic banking crisis in Montenegro. Considering that not all banking crises happen at the same pattern when drawing conclusions on the basis of small number of events, there is possibility that those conclusions are biased. On the other hand, in those situations when lot of historic data are available, often general conclusions about relative importance of individual indicators are made. However, the use of models have to be adequately integrated into broader analyses that take into account all relevant information since one model will inevitably overlook some of the relevant aspects.
Concluding remarks
Based on the results obtained by estimating early warning models for systemic banking crisis in Montenegro which are formulated in this paper, it can be concluded that the credit boom indicator play a dominant role in these models thanks to very good performances. The reliability of these indicators was confirmed in several ways through the use of various approaches and estimating several different specifications. It is necessary to emphasize that, in addition to being a part of composite index constructed within the signal approach, the indicator indicating a growth rate of loans is statistically significant in all estimated specifications of the logit model, including also the application of the Bayesian model averaging technique. In addition to these indicators, events on international markets have a significant impact on the domestic banking system and its stability, and consequently on the probability of the systemic banking crisis occurrence. This is even more emphasized given that the banking system in Montenegro is mainly foreign owned.
The process of financial development that is characteristic for developing countries is usually associated with the increased vulnerability of the banking and financial system. However, it should be noted that the impact of the global economic crisis was significant on the small and import dependent economy such as Montenegro. Although the roots of the crisis were in the domestic economy, the importance of influence of international trends is undisputed. This means that the global economic crisis has sharpened the problems in the domestic economy and, consequently, in the banking sector.
Although many economists believe that the models proved to be unsuccessful since they failed to predict the emergence of the current global economic crisis, economic policy cannot be adequately conducted without reliable quantitative information. The significance of the models should not be magnified, but their role cannot be diminished, particularly in uncertain times, when very important information can be obtained by using them. Early warning models for systemic banking crises enable getting the information (i.e. signals) based on which monetary policy holders can make decisions about when and how to take certain measures. However, these models cannot replace subjective evaluations by monetary policy holders, but they can play an important complementary role as an objective assessment of the banking system vulnerability.
